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Platform-Driven Collaboration Patterns: Structural
Evolution Over Time and Scale

Negin Maddah

Abstract—Within an increasingly digitalized organizational
landscape, this research explores the dynamics of decentralized
collaboration, contrasting it with traditional collaboration mod-
els. An effective capturing of high-level collaborations (beyond
direct messages) is introduced as the network construction
methodology including both temporal and content dimensions
of user collaborations—an alternating timed interaction (ATI)
metric as the first aspect, and a quantitative strategy of the-
matic similarity as the second aspect. This study validates
three hypotheses that collectively underscore the complexities
of digital team dynamics within sociotechnical systems. First,
it establishes the significant influence of problem context on
team structures in work environments. Second, the study reveals
specific evolving patterns of team structures on digital platforms
concerning team size and problem maturity. Last, it identifies
substantial differences in team structure patterns between digital
platforms and traditional organizational settings, underscoring
the unexplored nature of digital collaboration dynamics. Focusing
on Wikipedia’s co-creation teams as a representative online
platform, this study is instrumental for organizations navigat-
ing the digital era by identifying opportunities and challenges
for managing information flow. The findings reveal significant
collaborative potential and innovation in large online teams: the
high speed of knowledge-sharing, numerous subcommunities, and
highly decentralized leadership. This study paves the way for
platform governors to design strategic interventions, tailored for
different problem types, to optimize digital team dynamics and
align them to broader organizational goals.

Index Terms—Decentralized collaboration, digital platforms,
knowledge-sharing (KS), social networks, Wikipedia editorial
network.

1. INTRODUCTION

NLINE platforms play a crucial role in today’s
knowledge-sharing (KS) within sociotechnical systems.
Peer production teams within these digital platforms illustrate
a shift toward shared leadership [1] for knowledge-creating,
a trend widely adopted in organizations for open innovation
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projects [2], reducing the relevance of traditional hierarchies.
Exploring the information flow within these decentralized
structures is essential for digital platform governors. This
study utilizes computational network analysis to explore how
online teams behave in terms of KS flow, ideas diffusion
speed, subcommunity formation, and decentralized leadership.
By examining these network structure metrics across various
stages of an artifact, the study seeks to provide insights into
the complexities of online collaboration evolution [3]. We
pose critical questions about the influence of problem context
on team structure dynamics and the presence of any distinct
structural patterns in the evolution of online teams.

Additionally, we explore the differences between the interac-
tion networks of “Digital Platform-Driven Collaboration” and
“Traditional/Hierarchical Organizational Collaboration.” The
intricacies of digital decentralized collaboration are explored
using Wikipedia co-creation teams [4], leveraging Wikipedia’s
extensive data on diverse article topics, maturity levels, and
collaboration team scales. On the other hand, the traditional
collaboration reference is provided by the findings of previ-
ous studies.

Our research enhances the understanding of digital collab-
oration dynamics. It also introduces an innovative network
construction methodology for capturing co-creation among col-
laborators in two dimensions of their work: temporal and
content. Our approach provides insights into the complex be-
haviors and patterns that emerge in decentralized settings, en-
riching the academic discourse on digital peer production.
Furthermore, by highlighting the differences between digi-
tal platforms and traditional organizational models, our find-
ings are pivotal for organizations embracing digital platforms,
guiding them toward more effective team structures and en-
hanced creativity. Utilizing the comparative findings of this
study opens new directions for studying when centralized poli-
cymaking and interventions can be beneficial in sociotechnical
systems design [5].

II. LITERATURE REVIEW

In recent years, the landscape of KS within teams has under-
gone a significant transformation, driven by advancements in
digital technologies [6], [7]. Digital platforms, functioning as
sociotechnical systems that integrate social communities with
technical infrastructure [8], [9], have transcended traditional
geographical limits, becoming pivotal to innovation and design
processes [10], [11], [12], [13], [14]. These platforms are not
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merely tools but the core of shaping and governing the processes
of knowledge creation. This shift toward leveraging diverse
perspectives and skills, coupled with the emphasis on rapid
prototyping within competitive markets, marks a departure from
centralized expertise to a more global collaboration model.
Despite recognizing the role of such collaborative efforts in
ensuring effective governance, particularly highlighted dur-
ing responses to crises such as the COVID-19 pandemic
[15], the dynamics of decentralized KS demand further
exploration.

Knowledge is a cornerstone of organizational success and
economic value creation [6], [16], thriving through effective
individual interactions within organizations [17]. The impor-
tance of KS for enhancing innovation and work efficiency is
well-documented, playing a crucial role across both corporate
and educational sociotechnical systems [18], [19], [20], [21],
[22], [23]. Co-creation teams are seen as dynamic ecosystems
gathered by the common objectives of knowledge, product, or
service creation. These teams enable multidimensional interac-
tions that drive innovation by merging diverse knowledge bases
[24], [25]. Such teams can be studied to investigate the evolv-
ing nature of KS dynamics in adapting to new technological
landscapes.

The increasing prevalence of online KS activities ampli-
fied by social networking platforms [26], and coupled with
the transformative impact of modern technology on corporate
culture [27], illustrates the interplay between the advancement
of knowledge management practices and technology adoption.
This synergy is vital for sustaining the effectiveness of or-
ganizations [28]. The distinction between offline and online
environments for KS is crucial in understanding the dynamics
of traditional versus digital collaboration systems [29]. This
paradigm shift, marked by an increasing reliance on digital
decentralized collaboration, is reshaping team interactions, and
requires organizations to reevaluate virtual team dynamics, and
leadership roles to adapt their strategies and policies to optimize
the benefits of digital KS.

In virtual teams, leaders play a pivotal role in fostering effec-
tive communication and managing team challenges [10], [30],
[31]. Peer production teams, exemplified by platforms such as
Wikipedia [4], [32], [33], [34], [35], demonstrate a trend toward
emergent, shared leadership, often without formal structure or
compensation. This trend has been widely adopted [2], [36],
[37] (or aimed to be adopted) in formal organizations for open
innovation projects for years, which leads to a transformed
leadership in team environments to more decentralized models.
Larson and DeChurch highlight how these changes necessitate
a reevaluation of leadership dynamics in digital platforms in a
comprehensive review study [4]. The shift toward decentralized,
collective leadership is supported by a body of research [1],
[38], [39], [40], [41], [42], [43], [44], [45], indicating more
effective leadership in digital contexts, where traditional hier-
archies are less applicable and the need for agile, responsive
leadership is more pronounced.

The formation and evolution of teams in digital envi-
ronments significantly influence leadership dynamics [46].
Larson and DeChurch [4] highlight that in the context of digital
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collaborations such as Wikipedia, team members’ interactions
during team formation can be instrumental in determining who
emerges as a leader. Wikipedia, the peer-produced online ency-
clopedia, initially led by its founder Wales [47], now operates
with a more decentralized leadership model; current Wikipedia
page editors play a critical role in decision-making, shaping
the direction [4], and flow of information on the platform.
It should be noted that in this study, the leadership among
content editors is referred to as “decentralized”. However, we
must also acknowledge that these digital teams typically ben-
efit from the oversight of centralized platform governors and
policymakers [48].

Understanding these transformed dynamics is essential for
organizations operating in digital spaces, where traditional lead-
ership models may be less appropriate. Following our digital
platform example, Wikipedia, and considering the significant
influence that editors wield in shaping its content and structure
[4], it becomes pertinent to explore the extensive research fo-
cusing on decentralized collaborations. Numerous studies have
concentrated on the collaborative dynamics of Wikipedia edi-
tors. For instance, [49] and [50] delve into the social network
models within Wikipedia, exploring how they influence edi-
torial authority and collaboration. Similarly, [51], [52], [53]
provide insights into interaction patterns, signed networks of
editor attitudes, and the dynamics of conflicts in Wikipedia. It
should be noted that scholarly attention on Wikipedia extends
beyond editor collaborations. For example, research on knowl-
edge growth, such as the studies by [54] and [55], investigates
how information is sought, processed, and expanded within
the platform. Additionally, the evaluation of content quality is
another area of research, with significant contributions from
[56] to [57], who apply machine learning models to assess
the quality of Wikipedia articles. Furthermore, comprehensive
reviews of Wikipedia research, such as the recent work by
[58], provide a valuable overview of the platform’s multifaceted
nature, encompassing editor behaviors, collaboration processes,
and content development. The focus of this research, however,
remains centered on the lens of Wikipedia editors as collab-
orators in the co-creation process to contribute to the broader
understanding of collaborations in digital knowledge platforms.

In today’s digital age, understanding the dynamics of infor-
mation flow is crucial for organizational success [59], [60].
Employing network analysis, this study explores how team
dynamics influence aspects such as information leadership, dif-
fusion of new ideas, cooperation behaviors, and the formation of
subcommunities, grounded in network science principles [61],
[62], [63], [64], [65]. By evaluating the network structure across
different topics and stages of artifact development, we aim to
uncover insights into digital collaboration’s complexities [3],
[66], [67], [68].

Our study explores decentralized team dynamics over time
without any central intervention, unraveling the patterns within
these self-organizing systems. While this approach emphasizes
the natural evolution of team interactions, there exist studies en-
abling central management of team collaborations, such as role
assignment for avoiding conflicts [69], [70], [71]. Leveraging
the findings of this study can pave the way for further research
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TABLE I
METHODOLOGICAL COMPARISON OF DATA-BASED NETWORK MODELING ARTICLES IN THE CONTEXT OF KNOWLEDGE CREATION

Articl Network Network Network Temporal Analysis Analysis Targeted
cle Nodes Edges Type Approach Scope Network Measures
[49] Wikipedia editors Con‘;;lr?(t da 2;0165 Common interest Snapshot data Non-comparative Decentralization
[50] Wikipedia editors Content deleted, Direct content actions Snapshot data Non-comparative Blpola.rlty . l?alance,
undeleted, restored positivity
S . Direct replies in . . S Size and depth-
[51] Wikipedia editors alk pages Direct replies Snapshot data Topic comparison of discussions
Content inserted, deleted, . . S - . N
[52] Wikipedia editors replaced, and restored; Signed and {ilre(.t Snapshot data Non-comparative Ratio Am the dlrecuop
. . content actions and sentiment-related links
community elections
[53] Wikipedia editors Dlrect' replies n talk pages Direct replies Snapshot data Non-comparative Conflicts and editorial wars
(opposing, agreeing, neutral)
[73] University members Emails Direct replies Dynamic evolution Non-comparative Homophily emergence
(over a year)
[74] Employees Email, IM, Direct replies, Dynamic evolution Timely comparison Types of ties, subcommunity,
in the US Microsoft meetings, calls meetings or calls (over two years) (pre- and post-COVID) centralization etc.
Employees . . . . Interconnectivity, info speed,
[72] in 63 U.S firms Emails Direct replies Snapshot data Non-comparative subcommunity, decentralization, efc,
This study Wikipedia editors Alternating timed interactions Indirect co-creation Dynamic evolution Between-study comparison Interconnectivity, info speed,

and content similarity

(over 14 years) (with a hierarchical setting) subcommunity, decentralization

on identifying circumstances under which centralized manage-
ment and interventions are beneficial for higher coordination.

Building on this exploration of decentralized dynamics,
this study proposes a novel framework to analyze digital co-
creation, focusing on the high-level, indirect interactions that
previous models overlook. Unlike approaches that concentrate
on explicit direct exchanges [72], [73], [74], our method cap-
tures the essence of collaboration through subtle, interactive
sequential interactions, building upon others’ work over time,
that form the backbone of virtual co-creation networks. By
introducing an alternating timed interaction (ATI) metric, we
measure the immediacy of collaboration within specific time
windows, highlighting the importance of temporal proximity.
Additionally, our methodology includes a content processing
strategy to assess interaction depth by analyzing thematic over-
laps in contributors’ revisions, offering a comprehensive view of
digital co-creation dynamics for different categories of artifacts.
This methodology not only illuminates the complex interaction
patterns within Wikipedia’s editorial network but also serves
as a model extendable to other digital co-creation contexts,
paving the way for future research and practical applications
by enhancing our understanding of digital collaboration’s mul-
tifaceted nature.

Despite the evident shift toward digital platforms in so-
ciotechnical systems, there remains a significant research gap
in fully understanding the complexities of team dynamics in
digital collaborative environments. This study aims to bridge
this gap by conducting a comparative analysis of “Digital De-
centralized Platform-Driven Collaboration” and ““Traditional/
Hierarchical Organizational Collaboration.” This comparison
aims to dissect the interaction networks—whether formal or
informal—within these contrasting collaboration models.

The post-COVID era of online/hybrid communication pro-
vided the opportunity to examine this comparative study; we
have utilized some recent findings on the structural mea-
sures evolution of collaboration networks in 65 U.S. organi-
zations [72]. On the other hand, using Wikipedia as the case
study for a digital platform setting, we explore the intricacies
of decentralized platform-driven collaboration, analyzing its

co-creation networks to reveal the evolutionary dynamics of
team collaboration [75]. Wikipedia facilitates this study with its
rich data on diverse topics of articles as artifacts, with different
maturity levels, and various collaboration team scales.

To better clarify the innovations and contributions of this
article in comparison to existing data-based network modeling
and analysis studies in the context of knowledge creation, we
present Table I.

By situating our study within this context, we highlight sev-
eral unique features that distinguish our research: Unlike many
studies that focus solely on direct interactions such as emails
and direct replies, our study incorporates indirect high-level co-
creation measures, providing a novel perspective on how indi-
rect interactions contribute to knowledge creation by capturing
both ATI and content-based connections. While much of the
existing literature examines either decentralized or hierarchical
settings, this study uniquely compares both these settings. Our
dynamic evolution analysis over 14 years (2010-2023) stands
out from snapshot studies, allowing for a deeper exploration
of how network structures evolve over an extended period. By
addressing these aspects, our research contributes significant
insights into the structural dynamics of online collaboration and
informs the development of more effective digital platforms and
collaborative tools.

To encapsulate our exploration focus, we anchor the study
around three main research questions designed to deepen our
understanding of digital collaborative dynamics.

1) Do collaborators behave differently when co-creating in

different contexts of problems?

2) How are the dynamics of team structures (such as decen-
tralized leadership, information accessibility, diffusion
speed of ideas, and the formation of subcommunities and
polarization) evolving over scale and time?

3) How different are the structural patterns of teams within
a digital collaboration environment from those in tradi-
tional organizational collaborations?

The subsequent sections of this article are organized as fol-

lows. We begin with a detailed explanation of our method-
ology, followed by its application to the study of editorial
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collaborations on Wikipedia. Then, we present an analysis of
our findings and address the research questions posed earlier.
The article concludes with a discussion of our study, its impli-
cations for policymakers, its limitations, and proposing some
directions for future research.

III. METHODOLOGY

In line with our exploration of digital collaboration dynamics
for a comparative analysis of them with traditional organiza-
tional structures, we draw inspiration from recent studies that
have performed extensive data analysis of organizational col-
laboration in hybrid and online environments. One such study
meticulously done by Jacobs and Watts involves an exploratory
analysis of a unique dataset comprising 1.8 billion messages
sent by 1.4 million users from 65 publicly traded U.S. firms
across various sizes and industrial sectors, investigating collab-
oration dynamics in contemporary settings [72]. This precedent
of analyzing large-scale, real-world datasets in organizational
contexts provides a robust benchmark for our investigation. Our
approach initially focuses on conducting a detailed network
analysis of a purely digital platform. By examining the inter-
actions to co-create within this digital environment, we aim to
derive insights that can be systematically compared with the
patterns observed in traditional organizational collaborations.

An overarching view of the methodology flow is presented
in Fig. 2, visually summarizing the steps from domain selec-
tion and data acquisition to network formation and calculating
network characteristics. This big-picture representation aids in
comprehending the comprehensive process undertaken in this
study. This figure highlights the different combinations and
topologies of teams working on various versions of a single arti-
fact, illustrating the generalizability of our method in construct-
ing all phases of collaboration evolution across diverse user
topologies. The authors’ primary objective is to explore how
these team structures evolve over time. By tracking changes
in team configurations and interactions over successive time
windows, our methodology allows for an in-depth analysis of
the dynamics of collaboration, the emergence of leadership,
and the formation of subcommunities. This approach not only
reveals the static properties of collaboration networks but also
uncovers the temporal evolution and the underlying factors
driving these changes. The methodology’s flexibility ensures
it can be applied to different domains and contexts, making
it a robust tool for studying collaborative behaviors in digital
environments. Detailed explanations of each step in the method
diagram are provided in the remainder of this section, offering
a comprehensive understanding of our analytical framework.

A. Domain Selection of the Artifact

In aligning our methodology with the multifaceted nature
of digital co-creation platforms, this study strategically selects
data across five broad categories, reflecting the insights of
Gibbs, Sivunen, and Boyraz [76] regarding the significant influ-
ence of task nature in virtual teams. These categories include.

1) Politics, capturing discussions and collaborations sur-

rounding key individuals in the political arena such as
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“Ron DeSantis” and “Alexandria Ocasio-Cortez” and
political events such as “Impeachment inquiry against
Donald Trump.”

2) International Conflicts such as “Hong Kong protests” and
“Russo—Ukrainian War” encompassing topics related to
global conflicts to reflect the complexity of collaborative
content in areas of international tension.

3) Natural and Man-Made Disasters, which includes a range
of disaster-related topics highlighting collaborative ef-
forts during global crises such as “COVID-19,” “2018
California wildfires,” and ‘2020 Beirut explosion.”

4) Technology and Business with articles such as “Tesla
Model 3” and “Cryptocurrency,” focusing on the rapidly
evolving sectors that significantly influence digital col-
laboration patterns.

5) Entertainment including ‘“Parasite (2019 film)” and
“Kylian Mbappé,” covering a spectrum of topics to
demonstrate the diversity of interest and engagement in
collaborative platforms. A full list of the sample arti-
cles used in this article exists in the first section of the
Appendix document.

While this selection is tailored to our study’s context using
Wikipedia, it should be adapted and specialized based on the
application and nature of tasks in other digital platforms within
each organization. This approach ensures a balanced analysis
suitable for broader applicability and adaptability in future dig-
ital co-creation explorations.

Hypothesis 1: Collaborators behave differently when co-
creating in different contexts of artifacts. In other words,
the nature of the problem impacts the network formation
and evolution in digital platforms. In proposing this hy-
pothesis, we aim to investigate whether the specific context
of an artifact—be it politics, international conflicts, disasters,
technology, or entertainment—has a discernible impact on the
structuring and evolution of collaborative networks. This inves-
tigation acknowledges the potential for significant variability
in how collaborative efforts manifest across different contexts
within organizations.

Additionally, we deliberately select articles predominantly
post-2010. We avoided older articles to minimize bias that
could arise from Wikipedia’s early developmental stages. This
ensures that our analysis is reflective of more mature and es-
tablished collaborative patterns on the platform. Fig. 1 is a
visual representation of our domain selection, showcasing the
distribution of the sample articles across each category and
highlighting the creation dates of these articles.

B. Data Acquisition

A detailed investigation of team dynamics and informa-
tion flow in digital co-creation environments is facilitated by
the online traceability of collaboration steps, contrasting with
the opaque nature of in-person teams, where most of the de-
tails of collaboration may remain unrecorded. In organizational
contexts, while data might be anonymous to protect privacy,
essential elements such as unique identifiers for each collab-
orator, time logs of contributions, and content topics of each
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Fig. 1. Methodology overview: this figure illustrates the methodology for analyzing the evolution of collaboration within digital platforms. Different users,

in various structural arrangements, work on different revisions of a problem, allowing us to observe how team dynamics evolve. Methodology consists of
four main steps: artifact domain selection and scope, data acquisition, network construction model, and network analysis lenses. This approach enables a
comprehensive examination of how collaborative structures form and change over time and scale, providing insights into the unique dynamics of digital

co-creation.

Politics | [ ] e oo ® oo o
Conflicts 4 ®@e o L] L ] ®e o
Disasters { @@ © e eoo oo o
Tech 4 ®»e ° o e @ o o0
Entertainment -
T r T T . T T T T T T T T
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Co-Creation Start Date
Fig. 2. Temporal distribution and the number of sample topics selected

for each category. This figure facilitates an understanding of the temporal
spread and categorical diversity of the sample artifacts studied. As can be
seen, several sample articles with a wide range of maturity within around
13 years of evolution have been selected for this study.

task are generally accessible. This ensures a comprehensive
understanding of how virtual teams operate, evolve, and lead the
co-creation process. However, data acquisition, while straight-
forward in principle, requires meticulous processing. It involves
not just the collection but also the careful parsing and interpre-
tation of digital interactions to accurately reflect the dynamics
of collaboration and co-creation.

The data acquisition phase for our study involved collecting
revision histories from selected Wikipedia articles. This process
was facilitated through the Wikipedia API; we captured each
editor’s unique identifier to map individual contributions and
participation patterns within the editorial network. Additionally,
timestamps of each edit were recorded to analyze the temporal
dynamics of collaboration and observe how interactions evolve.
Last, detailed information about the content of each revision
was collected.

C. Network Formation of Collaborators

To decipher the dynamics within a digital platform, our study
employs a methodical approach to forming networks among
collaborators. For each selected artifact, we establish a specific
time window, measured in months, to generate a network of
interactions. Notably, the commencement of this timeframe is
not defined as the artifact’s creation date but rather as the onset
of co-creation activities; this initiation point varies, ranging
from immediate postcreation engagement to several years of
latency. Such differentiation ensures that our analysis starts
from a period of active co-creation, yielding a more accurate
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depiction of the collaboration dynamics. We define the initial
parameters as follows.
1) A: the set of all
A1,a2y...,0n.

2) P,: the set of periods (timeframes) for each artifact a.

3) U,,p: the set of users that have edited the artifact a in a
specific period p.

4) R, p: the set of revisions r in a specific timeframe p on
artifact a.

Network graphs of collaborators for each article within the
predefined timeframe are constructed as follows: nodes are
represented by the unique identifiers for users in U, ,. Edges
are constructed based on two principal dimensions—temporal
and content interactions among editors.

1) Temporal Dimension: An interaction time threshold (e.g.,
a few hours/days) is set as a meta-parameter of our model.
Within this parameter, reciprocal interaction activities between
two collaborators are quantified. To achieve this, we introduce a
measure of mutual interaction, accounting for indirect interac-
tions, which are evidenced by users building upon each other’s
edits or contributions. Addressing the challenge of inferring in-
direct interactions, we will use the notion of ATIs. This pattern,
characterized by alternating activities between individuals (e.g.,
i—j—1—j— 1— ) within the specified time window, serves
as an indirect indicator of active and reciprocal engagement. It
stands in contrast to nonalternating patterns (e.g.,1 —1— 1 —
j — j — J). Specifically, if a sequence of edits by “i” and “j”
occurs close enough (within the defined time threshold) in the
artifact, this interaction accrues a temporal weight of 1 in the
connection between these two editors. This weight increases
proportionally with the frequency of such sequential interac-
tions within the defined threshold. The importance of the timely
closeness of two users’ activities in capturing their interaction
lies in the fact that online co-creation artifacts evolve over time
and are updated—either slightly or significantly—each time a
user makes a change or adds/eliminates parts. Consequently,
the artifact might look completely updated after a few days or
months, depending on the artifact’s engagement rate.

2) Content Dimension: To quantify the content dimension
of interactions among Wikipedia editors, we analyze the the-
matic similarities between their revisions. This involves identi-
fying the main topics of an article’s subsections and employing
natural language processing (NLP) techniques to preprocess
and analyze the text of revisions for thematic content. By
preprocessing the text—tokenizing, removing stopwords, and
filtering nonalphabetic tokens—we distill the revisions to their
informative essence. We then match the processed text to article
topics using a topic-allocation strategy, assigning scores based
on the occurrence of topic-related keywords within the revi-
sions. For each pair of editors i and j working on the same arti-
fact, we determine the overlap in topics they have contributed to
by comparing the sets of topics associated with their revisions.
The intersection of these sets indicates their thematic alignment.
The strength of the connection between two editors is measured
by the size of this intersection, normalized by the total number
of subsections in the article to account for variations in topic
breadth. This normalized weight represents the content-based

sample artifacts under study
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connection strength between editor pairs, offering insights into
the thematic coherence of their collaborations.

Given the definitions, the total weight of the connection
between collaborators ¢ and j, denoted by W, is calculated
as the product of the temporal dimension W, and the content
dimension W/ of these weights

W9 =wy Wl 4))
where
B |T]—1
Wil = I (ke # g, e — 7l <5 (@)
k=1

Let 7 be the set of timestamps of edits for both collabo-
rators and ¢ be the interaction time threshold. Then 7, and
Tk are consecutive timestamps in 7, and uy, and w4 are the
corresponding users for these timestamps. I(.) is an indicator
function that is one if its argument is true and O otherwise.

For the content weights, if we denote the set of sections of
each artifact a as .S, and the subsets of these sections that each
collaborator 7 has worked on as S, then the content weight Wg
for editors 7 and j in artifact a is the proportion of overlapping
sections they worked on, given by the following equation:
|15 N S7|

1Sl

To create an interaction network for the specific topic in each
time window, the history of all the revisions (timely ordered)
done on that article needs to be retrieved. Then Wp and W
for all the user pairs active in that period are calculated.

Then the interaction network for that timeframe is created
by enabling an edge £/ between all the pairs of collaborators
(¢ and j) that have had interactions based on nonzero W%
value. To ensure the analysis focuses on meaningful interactions
within the digital platform, the study employs a crucial step of
network pruning

WY = 3)

Eqp=1ij|Wi, > w. 4)

This process involves setting a threshold for the minimum
weight, w, required for an edge to be considered significant.
By filtering out less impactful collaboration edges, the process
distills the network to its most influential connections, offering a
clearer view of the core collaborative interactions within each
digital artifact. In the end, let G, be the network graph for
artifact a and the time window p with all the remaining edges
after pruning

Gap= Ua,ps Eap)- S

The giant connected component (GCC) of the constructed graph
is kept for the rest of the analysis. All these steps are sum-
marized in Algorithm 1. The algorithm complexity of con-
structing the interaction network for one artifact within a single
period is primarily driven by the number of users and the
number of revisions. Specifically, the overall time complexity is
O(|Uap|*| Rap|), where |U, | is the number of users and | R, , |
is the number of revisions within the timeframe. This complex-
ity encompasses the steps of calculating temporal and content-
based weights and constructing and pruning the network graph,
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Algorithm: 1- Co-Creation Network Construction
1: for artifact a € A do

2: Determine P,.

3: for period p € P, do

4: Retrieve sorted revision history R, .
5: Initialize W, , = 0.

6: for each user pair 7j do

7: RJ,=R,,UR],

8: Initialize W7, W/ + 0.

9: for (ry,r41) € R}, do

10: Uy, T — user, timestamp of 7y
11: Ukt1, Th+1 < User, timestamp of ry4|
12: if uy, #'uk_H and T — T <t then
13: Wi« W7 +1.

14: Calculate W (Equation 3).
15: end if

16: end for

17: Calculate W/, (Equation 1).

18: Store (ij, Wi,) in Wo .

19: end for
20: end for
21: end for
22: for a and p do
23:  Initialize G, , = 0.

24: for ij in W, , do

25: Gap GapU (i, Wi).

26: end for

27: Calculate w based on W, .

28: Prune G, based on w (Equation 4).

29: Store G, for structure analysis.

30: end for

and the dominant action in all three steps is going through all
pairs of users, and for each pair, processing the revisions.

D. Network Structure Analysis

In the next step, we employ statistical network analysis tech-
niques. While there are plenty of network statistics available, in
our approach, we have restricted our statistical network analysis
to a selected set of network measures, carefully chosen not only
for their ability to capture essential aspects of collaborative be-
havior but also to allow for a balanced comparison with existing
studies on traditional hierarchical organizational structures.

To understand the extent and nature of collaboration, we
focused on measuring team cohesion by calculating the average
number of interactions each member has within the network.
This aspect is crucial as it sheds light on the potential for knowl-
edge transfer and potential innovation [67], [77], [78], [79]. An-
other dimension we examined was assessed by determining the
average number of steps required to connect any two members
of the network, providing insights into the network’s capability
to facilitate the rapid spread of information [61], [63], [80], [81].
Additionally, we explored the tendency of network members to
form closely knit groups. This measure is indicative of the level
of collaboration and open communication within the network,
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highlighting the potential for collaborative efforts to be con-
centrated among certain groups [67], [68], [82], [83]. Finally,
we looked at the network’s structural propensity to centralize
information flow. By assessing which members predominantly
control or influence the flow of information, we gained insights
into the network’s architecture regarding how it enables certain
individuals to act as crucial connectors, impacting the overall
communication process [84], [85], [86], [87], [88].

In line with this analytical framework, we propose our next
hypothesis as follows.

Hypothesis 2: The characteristics of team structures within
collaborative networks exhibit discernible patterns that evolve
over scale (size) and time (age). This hypothesis aims to
explore the dynamic interplay between team structures and the
evolving nature of digital collaboration.

Following the insights provided by Jacobs and Watts in their
comprehensive 2021 study, “A large-scale comparative study of
informal social networks in firms,” we find a robust foundation
for our analysis. Jacobs and Watts’ pioneering work, which
involved a detailed analysis of anatomized email data across
U.S. firms, revealed notable variations in network metrics in-
fluenced by organizational size. Their study highlighted the in-
terplay between microlevel network structures and overarching
organizational properties, even though clear correlations with
firm age, and the industry that the firms work in were not
established [72].

The strategic alignment of network analysis with existing
literature enables us to draw a parallel and conduct a meaningful
comparison between the network patterns observed in digital
platform-driven collaboration and those prevalent in traditional
organizational settings. In this regard, we introduce our final
hypothesis as follows.

Hypothesis 3: The structural patterns of networks within
digital collaboration environments, such as Wikipedia, will
exhibit significant differences when compared to those found
in traditional organizational collaborations. This hypothesis
stems from the premise that the inherent characteristics of
digital platforms—such as their decentralized nature, the scal-
ability of interactions, and the digital traceability of collabora-
tion processes—cultivate distinctive network structures. These
structures are likely not to align with those formed within the
more bounded and hierarchical contexts of traditional organiza-
tions. By investigating this hypothesis, we aim to shed light on
the unique dynamics of digital collaborative networks and how
they diverge from conventional organizational network patterns,
thereby contributing to a deeper understanding of digital co-
creation processes.

IV. IMPLEMENTATION AND RESULTS

For this study, we constructed interaction networks for
Wikipedia collaborators at 6-month intervals, starting from the
collaboration onset of each article until the end of 2023. Conse-
quently, depending on when each sample artifact was created,
we generated multiple collaboration networks for every article,
each representing a distinct 6-month period. After this, the ATI
and content-based weights (W, and W/ with the averages of
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1.15 and 0.72, respectively, for the interaction time threshold of
48 h) for all the 29 149 pairs existing in all the sample artifacts
are calculated, and the 6-month period collaboration networks
are generated based on them. More detailed information regard-
ing these weights exists in the second section of the Appendix
document.

Following the construction of these initial networks, we re-
fined our analysis through a process of network pruning. By
setting a threshold for the minimum weight required for an
interaction to be considered significant at 70%, we focused on
the most impactful collaborative interactions. Although there
is no specific optimal weight threshold for all the collabora-
tion networks, we tested several values and selected 70% as
it was sufficient to keep the most meaningful interactions in
this study. This threshold was determined by comparing the
original graphs’ edges with their GCC and choosing the value
where they overlapped sufficiently (more than 0.95), indicating
efficient network construction and pruning. Our study concen-
trates on analyzing the GCC of these networks, which repre-
sents the primary structure of collaborative interactions within
Wikipedia.

An additional step of our methodology involved filtering
preactive time windows from the network data: we considered
a network as significant when its size exceeded 15% of its
maximum size throughout its entire lifetime for that article.
There exist some samples for this time-filtering, the reason-
ing behind choosing this threshold for our dataset, and also
the statistical summary of the data before this filtering in the
Appendix document. In addition to these steps, we also assessed
the maturity of each network by calculating the age of the
artifacts in months, from the start of collaboration to the onset
of each network formation.

After filtering the preactive time windows out, our refined
dataset comprised 789 out of the original 839 networks, span-
ning various topics such as politics, conflicts, disasters, technol-
ogy, and entertainment (originally included 168, 155, 145,192,
and 179, respectively). This consolidation resulted in a dataset
forming the basis for our subsequent analysis. A summary of
these networks, including data such as the unique number of
topics, network counts, and the range of nodes in the GCCs
for each category, is presented in Table II. This table pro-
vides a snapshot of our dataset’s breadth and diversity, offer-
ing insights into the scale and temporal spread of the articles
analyzed.

The dataset of collaboration networks also reveals that, on av-
erage, they comprise ten nodes. The average degree (D) stands
at 4, indicating a moderate level of interconnectedness among
editors With a clustering coefficient (C) of 55%, the networks
tend to form tight-knit groups. The networks exhibit an average
of 1.6 for the average shortest path length (L), facilitating ef-
ficient information flow, while the average centralization (BC)
is less than 1%, suggesting a decentralized network structure.
The age of these networks spans a broad range, from as recent
as 0 months to as mature as 158 months. Additionally, it should
be noted that the number of edges in the GCC over the number
of edges in the original pruned nonconnected network, varies
between 50% and 100%, with an overall average of 97%. This
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TABLE 11
SUMMARY OF CONSTRUCTED NETWORKS BY CATEGORY
. . Min Max
Category #Topics ~ #Networks ~ Min Start Date Max End Date #Nodes  #Nodes
» 2011-11-28 2023-11-30
Politics 12 148 00:18:34+00:00  22:57:44+00:00 2 2
) 2014-03-01 2023-12-23
Conflicts 12 155 23:01:38+00:00  17:07:20+00:00 2 2
) 2009-10-25 2023-12-10
Disasters 14 144 21:51:24+00:00  21:02:50+00:00 2 2
2010-01-03 2023-11-02
Tech 12 176 08:46:49400:00  21:03:38+00:00 2 3
) 2010-06-03 2023-12-18
Entertainment 13 166 00:19:30400:00  13:54:27400:00 2 36
E 2 104
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Fig. 3. Network structure patterns when the teams grow in size per artifacts
category: the second-order regression lines are fitted on the characteristics
of all the network graphs generated and kept for analysis. Each collaboration
network is defined per 6-month time window from the onset of the meaningful
interactions until the end of 2023.

high ratio underscores the robustness of the GCC in our anal-
ysis. For a detailed summary of statistics of the results and a
visual presentation of the distribution of these characteristics,
please refer to the Appendix document.

It should also be noted that networks with fewer than four
nodes are excluded from all our subsequent visualizations and
analysis. This decision was based on the rationale that very
small networks might not accurately represent the collaborative
patterns we sought to study.

A. Network Dynamics and Size of the Team

As the starting point of our exploration, Fig. 3 plots the
pattern lines fitted on various team structure characteristics
against the increasing team size for all the remaining graph net-
works constructed. The figure comprises subplots that illustrate
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TABLE III
REGRESSION ANALYSIS OF NETWORK STRUCTURE METRICS
AND TEAM SIZE

. Size Size? Prob Adjusted
Model Variables Category p-value P-value (F-statistics) R?
Politics 0.672 < 0.001% < 0.001% 0.548
Conflicts < 0.001% 0.768 < 0.001% 0.480
Average DI Disasters 0.016* 0430  <0.001x 0483
Tech < 0.001x% 0.005%* < 0.001x 0.490
Entertainment 0.027 < 0.001 < 0.001% 0.571
Politics < 0.001x% 0.005* < 0.001x% 0.191
Clustering Cynﬁicts < 0.001% 0.001* < 0.001x 0.163
vs Team Size Disasters < 0.001% 0.002* < 0.001 0.187
Tech < 0.001 0.016* < 0.001 0.084
Entertainment 0.874 0.293 < 0.001= 0.109
Politics < 0.001%x < 0.001% < 0.001x% 0.382
Average Shortest Conflicts < 0.001x < 0.001x < 0.001x 0.389
Path Disasters < 0.001% < 0.001x < 0.001x* 0.511
vs Team Size Tech < 0.001% 0.003* < 0.001% 0.600
Entertainment < 0.001x < 0.001x < 0.001 0.217
Politics 0.349 0.047* < 0.001 0.086
Centralization Cf)nﬂicls 0.303 0.069 0.01 1>< 0.045
vs Team Size Disasters 0.018* 0.008%* 0.023* 0.040
Tech 0.427 0.178 0.120 0.013
Entertainment 0.015* 0.561 < 0.001= 0.244

Note: *Significant at the 0.05 level.

the relationship between team size (number of nodes of each
constructed GCC) and four key network characteristics: each is
represented in its subplot, where categorized and color-coded
based on five topic categories: politics (red), conflicts (blue),
disasters (green), tech (purple), and entertainment (orange).

For each topic category, a second-order polynomial regres-
sion line is fitted to the data points, showing the trend of each
characteristic as the team size increases. These regression lines
help to visualize the general pattern and commonalities among
different topic categories, providing insights into how team size
affects the structural properties of the networks. The subplots
are labeled with the team size (x-axis) and the respective net-
work characteristic (y-axis) to facilitate interpretation. The fit-
ted polynomial lines reveal the underlying trends and variations
in team structure characteristics.

This exploration is enriched by the regression model results
presented in Table III, which examines the relationship between
the team size and each of its structure characteristics. Quadratic
terms were added to the regression model to capture nonlinear
relationships. The independent variables included team size
(number of nodes in GCC) and its squared term size?, while
the dependent variables were the network characteristics. For
each category (politics, conflicts, disasters, tech, entertainment),
we conducted separate regressions to analyze the effects within
specific contexts. The regression results were summarized in
terms of p-values for both the linear and quadratic terms, coef-
ficients, F-statistic probabilities, and adjusted R-squared values,
providing a comprehensive view of the model fit and the sig-
nificance of the predictors. Values with p-values less than 0.05
are presented with a * to indicate significant relationships.

The regression analysis examining the relationship between
network measures and the size of the teams revealed insightful
patterns. Notably, in some categories, we observed a lack of
significant relationships between some of the network charac-
teristics and the team size, underscoring the influence of content
specificity on our results. However, most categories displayed

IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS, VOL. 11, NO. 6, DECEMBER 2024

significant associations, highlighting how the nature of each
artifact shapes collaborative dynamics. Across all categories
and characteristics, our analysis unveiled a spectrum of rela-
tionships with team size. Predominantly, these relationships are
nonlinear, as evidenced by the significance of both linear and
squared terms in the regression models. The degree of explana-
tion, represented by R-squared values, varied across character-
istics and categories, indicating that some models better fit the
data than others. A visualization of these trends including the
scatter plots of the team’s network data points exists in the Ap-
pendix document. The findings of this section are summarized
in Table IV which is explained in detail in what follows.

1) Team Cohesion and Interconnectivity Versus Team Size:
When examining the relationship between interconnectivity
captured by the average degree of the team and the number
of members collaborating, two perspectives emerge from ex-
isting literature. First, Jacobs and Watts’ Perspective posits that
the average degree does not vary with size which is validated
by their massive organizational data analysis; it is based on
the assumption that while individual cognitive capacities may
vary, the overall average should remain relatively stable across
organizations [72]. Second, an alternative viewpoint suggests
that the average degree should increase with organizational size
due to greater availability of potential contacts [89] or flatter
managerial structures [90].

Our findings align with the second viewpoint for mainly two
reasons pertinent to digital platforms.

a) Their artifact-centered design: Its digital platforms are
structured to focus on specific artifacts, allowing individ-
uals to concentrate on one problem at a time. This design
potentially enhances cognitive capabilities during inter-
actions, as attention remains focused on a singular issue.

b) Their decentralized leadership: In contrast to
traditional  hierarchical  organizational  structures,
digital platforms often feature decentralized leadership.
This autonomy allows for parallel interactions with
potential collaborators, facilitating an increase in each
team member’s degree as more people engage with
the same problem. To summarize, the connectivity of
each team member is given both the opportunity and
authority or permission to increase when more people
are available to work on the same problem.

This increasing trend when a team grows in size in digital
platforms—whether it be a significant quadratic relationship
as observed in the political domain, a significant linear
relationship as in conflicts and disasters, or more complex
relationships in technology and entertainment domains—
contrasts with traditional organizational structures. It presents
an opportunity for the future of co-creation platforms, where
increased interaction links could mean easier information
exchange. However, caution is warranted: excessive KS might
be detrimental, leading to fast convergence on solutions,
especially for complex artifacts. This balance between
beneficial and excessive information exchange is critical for
the effective functioning of collaborative platforms [91].

2) Subcommunity Formation and Polarization Versus Team
Size: In this section, we investigate the intricate relationship
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TABLE IV
SUMMARY OF THE COMPARATIVE ANALYSIS BETWEEN THE TEAM DYNAMICS WHEN THE TEAM GROWS IN SIZE IN DIFFERENT SETTINGS

Team Measure Knowledge-Sharing Flow

Subcommunity Formation

Ideas Propagation Speed Decentralized Leadership

Social network characteristic average degree

constant (cognitive limit)

Previous studies . .
increase (more potential contacts)

Digital platform setting behavior increase

(1) opportunity enabled

Possible cause of the differences (2) authority given

clustering coefficient
(transitivity)
decrease with different rates
increase in general
(median: 63%)
working (agreeing/disagreeing)
on similar interest is enabled

average shortest
path length

average centralization coefficient
(opposite of it)
all increase, decrease, and
staying constant have been observed
decrease (almost context-independent
max: 33%)
(1) platform structure
(2) autonomous users

increase
increase: up to mid-size teams
decrease: for larger teams
logical consequence of
previous measures

between team size and the tendency of subcommunity forma-
tion, as indicated by clustering patterns, within digital collab-
orative platforms. This is captured by the transitivity measure.
This analysis draws upon various network science models, con-
trasting their predictions with our empirical observations across
different topic categories. Initially, models such as random
graph theory [61] suggest a decrease in subcommunity clus-
tering with increasing team size. In contrast, some small-world
models [61], [92], and those assuming hierarchical structures
[93] propose a constancy in clustering despite team growth.
However, the scaling proposed by Jacobs and Watts offers an
intermediate view, suggesting that clustering does not fit neatly
into a constant or inversely proportional pattern [72]. In our
analysis of digital platforms, we observed distinct trends in
clustering across different topic categories, diverging from these
traditional models:

a) Conflict and disaster topics: Here, we observed a con-
sistent increase in subcommunity clustering, leveling off
in very large teams. This trend is likely influenced by the
time-sensitive and critical nature of these topics.

b) Politics and technology categories: A U-shaped pattern
was evident, with initial dispersal in subcommunities fol-
lowed by a sharp convergence into tightly knit clusters as
team size increases.

c) Entertainment domain: Although an increasing trend in
clustering was observed, it did not present significant
patterns, as detailed in Table III, suggesting a more fluid
team structure in this domain.

This observed pattern contradicts traditional network science
literature, including random graph models, small-world models,
and the findings of Jacobs and Watts. Significantly, the range
of clustering coefficients in Wikipedia networks (with a mean
of 0.62 and median of 0.63) is substantially higher than those
observed in email-based interaction networks with a maximum
of 0.30 [72], suggesting that digital platforms foster more clus-
tering as teams working on a single artifact within a defined
context grow larger.

The observed trend of increasing clustering in virtual teams,
especially as they scale up, likely mirrors the dynamics of sub-
community formation and polarization within digital platforms;
in larger virtual teams, individuals tend to form clusters around
specific interests, expertise, or viewpoints. This is especially
pronounced in domains such as politics, where the breadth
of the subject matter can lead to specialized clusters. The
U-shaped pattern observed in politics suggests that as more
individuals join the team, they initially explore various aspects

of the topic independently before eventually forming tight-knit
clusters around specific subtopics or approaches. On the other
hand, in certain contexts, especially in conflicts and disasters,
the urgency and high stakes can intensify polarization within
teams. Members may cluster around specific solutions or ap-
proaches, driven by their experiences, expertise, or emotional
responses to the situation. Such polarization, while potentially
limiting diverse viewpoints, can also lead to a more in-depth
exploration of different strategies.

In a nutshell, as virtual teams grow, the complexity and diver-
sity of the topics lead to more pronounced subgroup formations.
This has been one of the most surprising findings of this study.
The authors believe that understanding this trend is crucial
for organizations leveraging digital platforms for collaboration.
While forming clusters can enhance focus and depth in specific
areas, it also poses the risk of creating echo chambers that might
suppress innovation and diverse perspectives.

3) Information Propagation Speed Versus Team Size: Previ-
ous studies in network science have consistently suggested that
the speed of information propagation captured by the average
shortest path length (L) increases logarithmically with team
size. As Newman (2003) posits, in networks where the average
degree (D) is constant, L is expected to rise logarithmically
with the number of team members [93]. Jacobs and Watts
further elaborate that L is highly negatively correlated with D,
especially in large firms with hierarchical team structures. In
such environments, despite the growth of the firm, if individuals
maintain a constant number of contacts, the paths between
people stay constant [72].

However, our analysis reveals a distinct pattern that departs
from these conventional findings: for all the categories, we
observe a complex relationship; initially, there is an increase
in L for mid-size teams, followed by a decrease in L as the
network size expands significantly. This pattern aligns with
the logic of previous studies. Given that D increases in our
data (as elaborated earlier), we anticipated a sharp decline in
L toward the end, as the paths between two people should
become shorter due to the higher degree of the members and
the negative correlation between L and D (around 40% in our
dataset). However, it should be noted that in conflicts, disasters,
and technology domains, we witness a slower final decrease in
L; this observation is intriguing, particularly considering the
simultaneous increase in both D and C as team size grows.
While several factors could contribute to this trend, one com-
pelling explanation aligns with our earlier hypothesis regarding
polarization within these domains.
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In summary, the trend we uncover in the speed of information
diffusion versus the team size sheds new light on the dynamics
of digital collaborative networks, highlighting deviations from
established network science theories. The divergence in trends
across different categories emphasizes the impact of domain-
specific factors on virtual team structures.

4) Centralized Leadership Among Subgroups Versus
Total Team Size: Jacobs and Watts’ study presents an
intriguing insight into organizational network structures,
suggesting that centralization remains constant as firms grow,
typically the value of 0.84 for betweenness centrality (BC).
They also note the ambiguity in prior literature regarding
the expected variation of centralization with firm size [72].
Contrastingly and interestingly, our study unveils a unique
significant pattern in the realm of digital collaboration. We
observe that the BC in networks formed by digital platform
collaborators is not only lower than 0.33 for all the constructed
networks during the entire timeline of the study for all the
sample artifacts but also tends to decrease as the team size
increases. It should be noted that the visual declining trend
in BC is not statistically significant in the technology domain
but is still very low. Decentralization is a crucial factor in the
co-creation of knowledge, as stated in a network-driven study
of Wikipedia editors: “The more decentralized the editing of
an article, the better the article represents a consensus” [49].

Several factors could potentially explain this difference from
the previous studies.

a) Nature of organizations: previous research mostly fo-
cuses on hierarchical settings where centralization often
pertains to decision-making being concentrated at higher
levels. In contrast, Wikipedia’s editing environment rep-
resents a digital, open-source platform that inherently
fosters a distributed collaboration.

b) Type of collaboration: In traditional firms, specific mech-
anisms may be implemented to sustain a level of central-
ization as the organization grows. Conversely, Wikipedia
exemplifies a decentralized model for knowledge gener-
ation despite its central platform governance, where edi-
tors contribute autonomously. As such networks expand,
the necessity for central nodes diminishes, leading to a
decrease in BC.

¢) Cultural and behavioral factors: The culture of collabo-
ration in open-source communities, such as Wikipedia,
emphasizes distributed, egalitarian participation. This
cultural inclination toward decentralization contrasts with
the more hierarchical and centralized control often seen
in corporate environments.

In essence, our findings about the average centrality of
leadership between various subgroups and team size on dig-
ital platforms such as Wikipedia challenge traditional no-
tions of network centralization, highlighting the distinct dy-
namics of digital collaborative environments. This diver-
gence not only reflects the structural and cultural differences
between digital platforms and traditional organizations but
also underscores the importance of considering these unique
dynamics when designing and managing digital collabora-
tive systems.
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Fig. 4. Network evolution patterns when the artifacts age for each category:
the second-order regression lines are fitted on the characteristics of all the
network graphs generated and kept for analysis as the artifact ages.

B. Network Dynamics and the Maturity of the Artifact

This study ventures beyond the organization’s age and, in-
stead, pivots to explore how the age of the artifacts influences
the structural dynamics of the teams working on them. This
exploration is grounded in the premise that the lifecycle of
an artifact—its evolution from inception to maturity—plays a
pivotal role in shaping the collaboration patterns and network
structures surrounding it.

Similar to the method used for unrevealing patterns in the
previous section, for each topic category, a second-order poly-
nomial regression line is fitted to the data points, showing the
trend of each characteristic as the artifact matures. The subplots
are labeled with the artifact age on the horizontal axis and the
respective network characteristic on the vertical axis to facilitate
interpretation.

Our comprehensive analysis across various domains has re-
vealed intricate relationships between the age of artifacts and
multiple aspects of team dynamics. Each aspect—team cohe-
sion, subcommunity formation, information propagation, and
centralized leadership—shows unique patterns of interaction
with the artifact’s age, reflecting the evolving nature of col-
laborative efforts. Based on the detailed analysis, it becomes
evident that the relationship between team structures and arti-
fact maturity varies across different content categories as shown
in Fig. 4. This section of the article presents the details of
these relationships, examining the extent to which the age of
an artifact influences the structure of the collaborative net-
works on Wikipedia. The regression models of this analysis
were defined with age (artifact’s age) and age? as independent
variables and each network measure as dependent variable.
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TABLE V
REGRESSION ANALYSIS OF NETWORK STRUCTURE METRICS
AND ARTIFACT AGE

. Age Age? Prob Adjusted
Model Variables Category p-value P-vgalue (F-statistics) R?
Politics 0.003* 0.005* 0.013* 0.051
Conflicts < 0.001x < 0.001% < 0.001 0.280
é:iﬁ;age/g;;: Disasters <0.001%  0.003* < 0.001% 0.124
h Tech 0.079 0.140 0.157 0.011
Entertainment < 0.001x < 0.001x < 0.001= 0.081
Politics 0.039* 0.124 0.050* 0.029
Clustering anﬂicts < 0.001% 0.002* 0.000* 0.111
vs Artifact Age Disasters 0.005* 0.004* 0.014* 0.075
Tech 0.159 0.098 0.220 0.008
Entertainment 0.007* 0.021* 0.019* 0.037
Politics 0.847 0918 0.687 0.000
Average Shortest Conflicts 0.017* 0.017* 0.050* 0.031
Path Disasters 0.004* 0.007* 0.016* 0.072
vs Artifact Age Tech 0.221 0.208 0.450 0.000
Entertainment 0.248 0.176 0.376 0.000
Politics 0.269 0.402 0.451 —0.003
R Conlflicts < 0.001x% 0.002* < 0.001x% 0.115
VSSA"?;E“X’; Disasters 0.007* 0.009% 0.026* 0.061
Tech 0.100 0.128 0.254 0.006
Entertainment 0.021* 0.077 0.034* 0.029

Note: *Significant at the 0.05 level.

For each domain category and each network measure, separate
regression models were run to understand the unique effect
within different contexts. The model results of this section are
presented in Table V. Key statistics of regression modes (p-
value of the independent variables, the F-statistics probabil-
ity, and the adjusted R-squared are extracted; values with p-
value less than 0.05 are shown by * to indicate significant
relationships.

1) Team Cohesion and Interconnectivity Versus Artifact’s
Age: In the realm of politics, we observed a subtle yet sig-
nificant correlation between the depth of collaboration and ar-
tifact age. Conversely, in the conflicts and disasters domains,
a more pronounced relationship suggests that the maturity of
artifacts plays a more substantial role in shaping collaborative
dynamics. Across all categories, teams formed around newer
articles exhibited higher interconnectivity, which tended to de-
crease with age, only to increase again in later stages. Notably,
the technology domain stood apart, showing no meaningful
relationship, likely due to the rapid evolution characteristic of
this field.

2) Subcommunity Formation and Polarization Versus
Artifact’s Age: The clustering tendency’s correlation with ar-
tifact age varied across domains. Except for technology, all
categories showed a significant, moderately strong correlation.
Typically, articles began with high clustering, which decreased
over time, and then increased as the artifacts matured. This
pattern, which is interestingly similar to the previous pattern,
is indicative of the dynamic evolution of information and un-
derstanding over time.

3) Information Propagation Speed Versus Artifact’s Age: In
terms of information diffusion speed, captured by the average
shortest path length, significant correlations with artifact age
were only found in the domains of disasters and conflicts, ex-
actly opposite to their average degree and clustering formation
patterns. The statistically insignificant relationships among the
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rest of the domains suggest that while an artifact’s maturity
might be a factor for some artifacts, it interacts with a multitude
of other elements influencing how quickly ideas spread within
these teams.

4) Centralized Leadership Among Subgroups Versus
Artifact’s Age: Finally, the relationship between centralized
leadership within subgroups and the artifact age was significant
in the disasters, conflicts, and entertainment categories showing
a sharp increase and then a decrease in the centralization of
the collaboration teams. However, its explanatory power was
somewhat limited, indicating that while artifact age affects
network centralization, it is not the only determinant.

These findings reveal an interesting dynamic between the
evolution of collaborative efforts and the maturity of artifacts,
particularly pronounced in the conflicts and disasters categories.
In these domains, a distinct pattern emerges, characterized by a
high level of initial engagement, as indicated by increased team
interconnectivity and group cohesiveness, alongside efficient
information propagation and centralized decision-making. This
heightened activity in the early stages can be linked to the ur-
gent, time-sensitive nature of these topics, fostering immediate
and intense collaboration. As events unfold and the immediacy
drops, a noticeable shift occurs. We see a decrease in both
team interconnectivity and group cohesiveness, along with a
lengthening of information propagation paths and a reduction
in centralized decision-making. This change reflects a transition
in the collaborative focus, moving away from the immediate
response to a more prolonged and evolving engagement with
the topic. However, as the artifacts grow older, network ac-
tivity is resurgent. This is marked by a renewed increase in
team interconnectivity and group cohesiveness, accompanied
by a decrease in information propagation paths and centralized
decision-making. Such a revival in collaborative efforts can be
attributed to several factors, such as anniversary reflections,
renewed public or scholarly interest, or ongoing impacts of the
events. This pattern highlights the cyclical nature of collabora-
tion in these domains, driven by evolving public and academic
interest over time.

In summary, this relationship between artifact age and collab-
orative network dynamics sheds light on the adaptive nature of
collaboration, particularly in areas marked by immediacy and
long-term evolution. Understanding these patterns is crucial for
managing and fostering effective collaborative environments
over the lifespan of a project, especially in digital platforms
where temporal dynamics play a significant role.

The key finding regarding Hypothesis 2: team structures
reveal evolving patterns over scale (size) and time (age).

However, the impact of these two factors—scale and time—
on network structures manifests differently. In the technology
domain, time did not show any significant impact on team
structure, and in some domains such as entertainment, the scale
did not show a significant impact on some of the team structure
measures. Generally, the variation in network characteristics
due to the aging of artifacts seems to be more uniform and less
category-dependent as explained before. It should also be noted
that the robustness of the findings of this article is validated
by testing lower time thresholds when calculating temporal
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weights of all the pairs of collaborators, using 24 h instead of
48 h, we observed consistent patterns in the data. This analysis
underscores the stability of our results, even when subjected to
more stringent temporal constraints. For additional details on
this examination, readers are directed to the last section of the
Appendix document.

Our study’s findings robustly validate Hypothesis 3, high-
lighting distinct collaborative network structures in digital plat-
forms compared to traditional organizational settings. In this
digital environment, we observed unique patterns of intercon-
nectedness, clustering, and decentralization, contrasting with
the more hierarchical structures prevalent in traditional organi-
zations. The influence of artifact categories on network dynam-
ics in digital contexts was particularly notable, underlining the
importance of the nature of the artifact in shaping collaborative
patterns. This contrast confirms the distinctiveness of digital
collaboration, emphasizing the adaptability and specificity of
digital platforms in facilitating collaborative processes.

The key finding regarding Hypothesis 3: Team structure
patterns in pure digital platforms drastically differ from tra-
ditional organizations.

C. Network Dynamics and the Category of the Artifact

In the realm of network analysis within organizational con-
texts, Jacobs and Watts have posited that “Network Hetero-
geneity Is Not Explained by Industry” [72]. This perspective
suggests that the categorization of firms by industry may be
too broad a metric to significantly impact the network structures
within them. Building upon this viewpoint, our research pivots
to a more granular level of analysis, focusing on the nature of the
artifact itself. This approach is driven by the assumption that the
specific category of a topic might have a more direct influence
on the structural characteristics of collaborative networks.

Our investigation, centered on the digital collaborative plat-
form of Wikipedia, as detailed in the preceding sections, reveals
a clear picture of how these network characteristics unfold
across different topic domains. This exploration is vital, con-
sidering that the unique nature of each artifact category could
potentially foster distinct collaborative patterns.

The results of our analysis present a fascinating narrative.
The scaling of teams across different content categories reveals
diverse and complex patterns in team structure. Conflict and
disaster categories show a consistent trend toward more cohe-
sive and structured collaboration with distributed leadership in
larger teams. In contrast, politics and technology exhibit a more
dynamic evolutionary process, with initial dispersal followed
by increased cohesion and subcommunity formation as teams
grow. The entertainment domain, however, stands out with its
more fluid and less predictable patterns, reflecting the adaptive
nature of collaboration in this field. These insights offer a nu-
anced understanding of how team size influences collaboration,
which is crucial for effectively managing and facilitating team
dynamics in various contexts.

Similarly, when considering the age of artifacts, the conflicts
and disasters categories again demonstrate a significant
relationship with network characteristics. This could be
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attributed to the time-sensitive and evolving nature of these
topics, where prolonged events necessitate and foster a
deepening of collaborative networks over time. On the other
hand, categories such as politics and entertainment display
a less consistent pattern, and the technology domain shows
no meaningful pattern temporally, suggesting a multifaceted
interplay of various factors influencing collaboration as these
artifacts mature.

The key finding regarding Hypothesis 1: Problem context
matters in the team structure.

V. CONCLUSION

In an era marked by rapid technological advancement and
globalization, social dynamics, facilitated by technology, adapt,
and evolve within sociotechnical systems. This adaptation
is particularly evident in digital collaborative environments,
where technology not only supports but also transforms how
knowledge is created and shared. In our study, we implemented
a novel approach to network construction, tailored to capture
the intricate dynamics of collaboration within digital platforms.
This methodology stands out due to its innovative integration
of both temporal and content-based interactions among users.
By systematically analyzing edit histories across various time
windows and evaluating user interactions not just in terms of
alternating interactions restricted by a time threshold (ATT)
but also content overlap, our approach offers a more multidi-
mensional perspective on collaborative behaviors. This method
allows for a deeper understanding of how digital collaborations
evolve over time and how content-related factors influence the
formation and dynamics of collaborative networks. Our study,
on the backdrop of an increasingly digitalized organizational
landscape, reveals critical insights into the dynamics of digital
collaboration, pertinent to an era where teamwork transcends
traditional communication methods.

The findings corroborate three central hypotheses, each shed-
ding light on distinct aspects of digital team behaviors. First,
validating Hypothesis 1, we found that the context of a problem
significantly influences team structures on digital platforms.
This underlines the importance of considering the specific na-
ture of tasks or topics when analyzing collaborative dynam-
ics, which is a main factor in shaping how teams form and
function in digital environments. In addressing Hypothesis 2,
our study unveils that team structures on digital platforms re-
veal evolving patterns over time and scale. The insights gained
here are instrumental for understanding how digital teams grow
and evolve, providing key considerations for managing and
optimizing these evolving networks. Hypothesis 3 finds strong
validation in our analysis, indicating that team structure patterns
in purely digital platforms differ markedly from those in tradi-
tional organizational settings. This finding is crucial in an era
where digital platforms are increasingly harnessed for diverse
purposes, from KS to collective product and service design.
Understanding these unique digital collaboration dynamics
is imperative for high-level leaders and decision-makers of
such platforms.

Authorized licensed use limited to: Northeastern University. Downloaded on June 08,2025 at 21:15:28 UTC from IEEE Xplore. Restrictions apply.



MADDAH AND HEYDARI: PLATFORM-DRIVEN COLLABORATION PATTERNS

A. Implications for Policymakers

Our findings reveal that artifact-focused peer production of
knowledge fosters a more collaborative environment, partic-
ularly in larger teams. This has significant implications for
decision-makers and policymakers. As teams grow in size, the
potential for decentralized collaboration increases, presenting
both opportunities and challenges for managing information
flow and team dynamics. Policymakers should leverage the ben-
efits of large, decentralized teams by designing structures that
enhance collaborative potential and align with organizational
goals. A critical consideration is the emergence of numerous
subcommunities within large online teams. These subcommu-
nities can contribute to innovation and specialization, but they
also necessitate careful governance to ensure cohesive and ef-
ficient information flow.

Moreover, as our results indicate, larger teams tend to exhibit
higher average degrees of interaction and increased decentral-
ization. While this can accelerate information dissemination
and decision-making, it also raises the potential for information
overload and coordination challenges. Policymakers must be
aware of these dynamics and implement strategies to balance
speed with accuracy and cohesion. For very large teams, an
integration of top—down and decentralized leadership may be
a useful option to manage the extra decentralized dynamics
that can emerge. Such centralized interventions are crucial for
aligning team dynamics with broader organizational goals, for
efficient coordination. In practice, this could involve creating
roles or mechanisms for coordinating between subcommunities,
setting guidelines for communication and collaboration, and
utilizing technology to monitor and facilitate efficient informa-
tion flow. By understanding and harnessing the dynamics of
decentralized, large-scale collaboration, organizations can opti-
mize their teams’ performance and innovation capacity, thereby
achieving their strategic objectives more effectively.

Last but not least, the findings highlight that the way network
behavior scales is significantly dependent on the problem type,
as observed in the distinct patterns. Therefore, platform gover-
nors must recognize that what is considered normal or optimal
can vary based on the content and context of the problem being
addressed. Tailoring governance strategies to the specific type
of problem content can help in better managing and guiding
collaborative efforts, ensuring that the network dynamics are
conducive to achieving desired outcomes.

In conclusion, this research serves as a foundational step
toward a deeper understanding of digital team interactions.
As the landscape of team collaboration continues to evolve,
the insights from this study will be invaluable for navigating
the complexities of sociotechnical systems in the digital era.
The study’s insights are pivotal for organizations embracing
digital platforms, guiding them toward more effective team
structures and enhanced creativity. The findings not only enrich
the academic discourse on digital collaboration but also offer
practical applications for organizations striving to harness the
full potential of digital collaborative environments in achieving
their strategic goals and fostering innovation in an increasingly
online world.
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VI. LIMITATIONS AND FUTURE DIRECTIONS

Although our study offers significant insights into the
collaborative dynamics within Wikipedia, it is important to
acknowledge its limitations and propose research paths that
could further deepen our understanding of digital collabora-
tion. The reliability of capturing collaboration evolution by the
proposed network construction model is bounded in two main
aspects.

1) Although we expect the model to be robust for a wide
range of user engagement rates on Wikipedia articles, the
time thresholds for counting interaction weights among
users can be tuned by defining dynamic adaptive param-
eters. Specifically, when the speed of revising a webpage
is too low (or too high), the time threshold should be
adjusted to larger (or smaller) values.

2) The proposed methodology focuses on the main co-
creation platform and does not account for back-channel
communications, particularly when a subset of users co-
ordinates separately and one of them takes responsibility
for the actual edit. These are probably the most important
aspects for future enhancements.

This study is focused on a single open-source digital platform
suggesting the need for broader explorations. Another promis-
ing direction for future research is a cross-platform comparative
analysis. This could determine if the distinctive collaborative
behaviors identified on Wikipedia hold true in other digital
contexts, characterized by their own interfaces, user bases, and
objectives, providing a broader perspective across various dig-
ital environments.

Another crucial path for future research lies in the behavioral
aspects of digital collaboration. In the digital collaboration land-
scape, as [6] emphasizes, trust is foundational to effective col-
laboration and KS. Positive team interactions have been shown
to enhance trust levels. Similarly, the concept of collective psy-
chological ownership, as introduced by Gray and colleagues, is
increasingly recognized as integral to the success and creativity
of teams [94], especially in digital settings where a sense of
shared responsibility and investment is crucial. These factors
are both supported by digital platforms’ feature of traceability,
where every step of the knowledge creation and collaboration
process is documented. Future research should focus on how
digital platforms can optimize psychological elements, and in
turn, how these influence team effectiveness and innovation
capacity.
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